Following decades of speculation that changes in the regulation of genes could be a potent 42
Transcriptional regulatory changes have been shown to contribute to phenotypic differences 28 between species, but many questions remain about how gene expression evolves. Here we report 29
the first comparative study of nascent transcription in primates. We used PRO-seq to map actively 30 transcribing RNA polymerases in resting and activated CD4+ T-cells in multiple human, 31 chimpanzee, and rhesus macaque individuals, with rodents as outgroups. This approach allowed us 32 to directly measure active transcription separately from post-transcriptional processes. We 33 observed general conservation in coding and non-coding transcription, punctuated by numerous 34 differences between species, particularly at distal enhancers and non-coding RNAs. Transcription 35 factor binding sites are a primary determinant of transcriptional differences between species. We 36 found evidence for stabilizing selection on gene expression levels and adaptive substitutions 37 associated with lineage-specific transcription. Finally, rates of evolutionary change are strongly 38 correlated with long-range chromatin interactions. These observations clarify the role of primary 39 transcription in regulatory evolution. 40 41 three unrelated individuals representing each of three primate species, humans, chimpanzees, and 85 rhesus macaques, spanning ~25-30 million years of evolution (MYR) (Fig. 1a) . Resting samples 86
were also collected from a single individual in each of two rodent species, mouse and rat, which 87 together serve as an outgroup to the primates (~80 MYR divergence). PRO-seq 45,48 libraries were 88 sequenced to a combined depth of 873 million uniquely mapped reads (~78-274 million per 89 species) ( Supplementary Table 1 ). Flow cytometry was used to validate the purity of isolated 90 CD4+ cells (Supplementary Fig. 1) , and measurements of transcriptional activity of T-cell subset 91 markers for T-helper type 1 (Th1), Th2, Th17, T-regulatory, and T-follicular helper cells were used 92
to demonstrate that the population of CD4+ T-cell subsets within the total CD4+ population is 93
largely similar among these mammalian species (Supplementary Fig. 2) . Principal component 94 analysis ranked the rodent vs. primate species, variation within the primate species, and the 95 treatment condition as the first, second, and third sources of variation, respectively, in the complete 96 dataset (Supplementary Fig. 3) . Similarly, hierarchical clustering of these data together with data 97 from other cell types grouped primate samples first by cell type or treatment condition and 98 subsequently by species (Fig. 1b) . These results demonstrate that genome-wide patterns of 99 transcription remain generally concordant in CD4+ T-cells in the species we examined, especially 100 within the primates. 101
Before comparing species, we evaluated differences in transcription between resting and 102 activated conditions. Human CD4+ T-cells activated using PMA and ionomycin (π) underwent 103 significant changes in transcription levels at 5,945 genes (p < 0.01, deSeq2 53 ), including classical 104 early response genes such as IL2, IL2RA, and EGR3 (Fig. 1c) . Parallel analyses in chimpanzee and 105 rhesus macaque revealed comparable transcription programs both before and following π 106 treatment ( Supplementary Fig. 4a-b ). We identified a core set of 2,953 genes that undergo 107 evolutionarily conserved transcriptional changes following 30 min. of π-treatment in all three 108 species, including many of the classical response genes (e.g., IFNG, TNFα, IL2, and IL2RA), as well as 109 numerous novel genes and lincRNAs (Supplementary Fig. 4a-c) . Fold-changes of these core genes 110
following π treatment are highly correlated and similar in magnitude among all three primate 111 species (R > 0.92; Supplementary Fig. 4d-f ), suggesting that species-specific differences in T-cell 112 activation magnitude 54 may occur primarily during the initial signaling events and are largely 113 bypassed by π-treatment. 114
To shed light on the mechanisms underlying transcriptional changes immediately following 115 π treatment, we used dREG 52 to identify 25,513 active transcriptional regulatory elements (TREs), 116
including promoters and enhancers, in human CD4+ T-cells, based on patterns of enhancer-117 templated RNA (eRNA) transcription evident from PRO-seq data (Fig. 1d) . These predicted TREs 118 displayed many of the expected marks of regulatory function in human CD4+ T-cells, including 119 acetylation of histone 3 lysine 27 (H3K27ac), and mono-and trimethylation of histone 3 lysine 4 120 (H3K4me1 and H3K4me3) 55 , consistent with previous observations 33, 50, 52 . We identified 7,340 121
TREs with π-dependent changes in RNA polymerase abundance (p < 0.01, deSeq2). TREs with 122 transcriptional increases following π-treatment were enriched for DNA sequence motifs recognized 123 by NF-kB, NFAT, and the AP-1 heterodimers FOS and JUN (Fig. 1e) , all transcription factors 124 activated by canonical T-cell receptor signaling 56 . Motifs for other calcium-responsive factors such 125 as MEF2A and CREB were also enriched in up-regulated TREs, consistent with the activation of 126 calcium signaling by Ionomycin, a calcium ionophore. Downregulated TREs were enriched for 127 different motifs, including those for FOXO1, ELK/ELF/ETS, and SMARCC2 ( Supplementary Fig. 5 ).
128
The enrichment of the forkhead box (FOXO1) binding motif is concordant with findings that FOXO1 129
is required for naive T-cell homeostasis 57 , and suggests that this TF is down-regulated as naive T-130 cells differentiate. Motif analysis in the chimpanzee and rhesus macaque genomes revealed a 131 similar composition of motifs putatively involved in mediating transcriptional changes following π 132 treatment ( Supplementary Fig. 6) . Thus, the core regulatory principles responsible for T-cell 133 signaling and activation appear to remain broadly conserved across primate evolution. 134 135 136 We focused an initial comparative analysis on evolutionary changes in active enhancers.
Rapid evolutionary changes in transcribed enhancers

137
We used dREG to identify 53,476 TREs that are active in either treated or untreated CD4+ T-cells of 138 at least one primate species (ranging between 25,269-35,343 TREs in each species). TREs were 139 classified as promoters (n = 7,114) or enhancers (n = 21,121) based on their proximity to gene 140
annotations and the stability of the associated transcription units predicted using the order and 141 orientation of U1 and polyadenylation site motifs 50 ( Supplementary Fig. 7 , see Methods). We 142
found that 62% of enhancers changed Pol II transcriptional activity in at least one of the three 143 primate species and nearly 80% at the longer evolutionary distance between primates and rodents 144 ( Fig. 2a) . Conservation was highest between human and chimpanzee (10-20% of TREs change), 145
roughly consistent with recent estimates based on the distribution of H3K27ac 10 . Enhancers are 146 completely gained or lost at nearly eight times the rate of promoters (38% of enhancers; 7% of 147 promoters; p < 2.2e-16 by Fisher's exact test), consistent with recent observations based on 148
H3K27ac and H3K4me3 24 . By contrast, π treatment is rarely associated with complete differences 149
in the location of transcribed TREs and the rate of differences is similar at promoters and enhancers 150 ( Fig. 2a ).
151
Next we tested whether evolutionary changes in transcriptional activity correlate with the 152 enrichment of other active enhancer marks. We used the known phylogeny for these species to 153 identify likely lineage-specific gains and losses of enhancer activity in human CD4+ T-cells, and 154 examined independent sources of genomic data 55 at the corresponding genomic locations. Overall, 155
predicted lineage-specific human enhancers were enriched for both active and repressive enhancer 156 marks ( Fig. 2b; Supplementary Fig. 8 ). Whereas human gains were enriched for high levels of 157
H3K27ac, sites with reduced transcriptional activity in humans showed much lower enrichments of 158 this mark of active enhancers. Furthermore, locations of complete human lineage-specific loss of 159 dREG signal displayed levels of H3K27ac approaching the background, consistent with a complete 160 loss of enhancer activity (Fig. 2b) . Intriguingly, H3K4me1, which marks active and some inactive 161 enhancers 58,59 , was enriched at predicted human lineage-specific losses in enhancer activity ( Fig.  162  2b) we restricted our sequence conservation analyses to strong matches to 1,964 human TF binding 173 motifs. We grouped these binding motifs by their DNA sequence similarity into 567 clusters and we 174
excluded motifs for TFs that are transcriptionally inactive in CD4+ T-cells 61,62 . 175
TFBSs found in transcriptionally conserved dREG sites showed a marked enrichment for 176
higher phyloP scores relative to surrounding regions, indicating that these TFBSs are enriched for 177 evolutionary conservation in their DNA sequences ( Fig. 3a) . By contrast, TFBSs in lineage-specific 178 dREG sites had lower enrichments in phyloP scores ( Fig. 3a, red/ (which contribute to the phyloP scores) and gains emerging relatively recently. Restricting these 182
analyses to binding sites for specific TFs revealed patterns of conservation that correlate with the 183 information content of the DNA sequence motif (Fig 3b; Supplementary Fig. 9 ), further supporting 184 TF binding as the functional property driving evolutionary conservation at these sites. This 185 analysis suggests that the sequences in TFBSs are a primary driver of transcriptional differences 186 between species. 187
To estimate the specific contribution of each TF to transcriptional changes, we compared 188
lineage-specific single-nucleotide substitutions within TFBSs in lineage-specific TREs to the same 189 statistic for TFBSs in conserved TREs. This analysis identified 363 TFs with statistically significant 190 associations between lineage-specific transcription and nucleotide substitutions in their TFBSs in 191 resting CD4+ T-cells ( Fig. 3c) . The most strongly enriched of these TFs include several with known 192 or predicted roles in CD4+ T-cell biology, such as ELF1, YY1, and CREB1. ELF1 bindings sites, for 193 example, are enriched in non-coding GWAS SNPs putatively affecting human autoimmune 194 phenotypes in CD4+ T-cell TREs 63 . We applied the same analysis to TREs displaying lineage-195 specific changes in π-dependent activation, and identified enrichments for the motifs binding NFAT, 196
AP-1 heterodimers (FOS and JUN), and NF-kB (p = 0.03), consistent with our motif discovery results 197
within each individual primate species. In one example at the SGPP2 locus ( Fig. 3d) , two NF-kB 198 binding motifs found in the proximal promoter and an internal enhancer of SGPP2 ( Fig. 3e ; 199 Supplementary Fig. 10 ) are candidates for changes that cause humans to activate SGPP2 200 transcription following π treatment.
201
In some cases, we observed numerous nucleotide substitutions within short TFBSs, either 202
individually or in clusters of nearby TFBSs, which is unlikely to occur by chance and suggests a 203 possible role for positive selection in the evolution of these binding sites. For example, upstream of 204 SGPP2 we noted an excess of derived alleles in modern humans in cases where the sequenced 205
Neanderthal has the ancestral allele ( Fig. 3d ) 64 , potentially consistent with positive selection 206 driving evolutionary changes in SGPP2 transcription since the divergence of modern humans and 207
Neanderthals. To more directly gauge the impact of positive selection, we used INSIGHT 65 to 208
compare patterns of within-species polymorphism and between-species sequence divergence in 209
TREs that had undergone human lineage-specific transcriptional changes. As has been reported 210
previously for regulatory sequences 9 , dREG sites appear to be most strongly influenced by weak 211
negative selection, which is reflected in an excess of low frequency derived alleles in human 212 populations ( Fig. 3f) . Nevertheless, TREs with lineage-specific transcriptional changes in human 213 CD4+ T-cells showed reduced weak negative selection and were strikingly enriched for adaptive 214 nucleotide substitutions (p < 0.01 INSIGHT likelihood ratio test; Fig. 3f ), consistent with positive 215 selection at these sites. We estimate that at least 160 adaptive substitutions have occurred since 216 the human/chimpanzee divergence within TFBSs that undergo transcriptional changes in human 217
CD4+ T-cells. Although we are underpowered to detect the specific contribution of many TFs in this 218 analysis, we did note statistically significant excesses of predicted adaptive substitutions in the 219 bindings sites of several TFs, including FOXO1, GATA3, IRF4, RARG, and ZEB1 ( Supplementary Fig.  220 11; p < 0.01, INSIGHT likelihood ratio test). These estimates highlight the substantial contribution 221 of adaptive evolutionary changes in TFBSs that influence the transcriptional activity of TREs.
223
Correlation between protein-coding and non-coding transcription 224 We noticed that evolutionary changes in protein-coding gene transcription frequently 225 correlate with changes in non-coding transcription units (TU) located nearby. SGPP2, for instance, 226
undergoes a ~60-fold increase in basal transcription in humans, which broadly correlates with 227 changes in nearby non-coding TUs ( Fig. 3d; Supplementary Fig. 10 ). To examine this pattern 228 more generally, we designed a hidden Markov model (HMM) to estimate the boundaries of TUs 229 genome-wide, based on patterns of aligned PRO-seq reads. Using this method, we annotated 230 32,602 TUs active in CD4+ T-cells of at least two of the three primates, likely indicating a TU in the 231
human-chimpanzee ancestor, as well as an additional 13,085 TUs that are specific to one of the 232 primate species (Supplementary Fig. 12a ). Approximately half of the TUs identified using this 233 approach overlap either annotated protein-coding genes or their associated upstream antisense 234
RNAs, a small fraction overlap annotated lincRNAs, and approximately half are completely un-235 annotated ( Supplementary Fig. 12b ).
236
A cross-species comparison of the transcription levels for various TU classes ( Fig. 4a ) 237
revealed that enhancer RNAs evolve in expression most rapidly and protein-coding genes evolve 238 most slowly. Upstream antisense RNAs are relatively conserved compared to more distal TUs, 239 perhaps because they share regulatory sequences with protein-coding genes. Intriguingly, 240
lincRNAs-including both those annotated in GENCODE and novel lincRNAs predicted by our 241
HMM-undergo evolutionary changes in expression about as frequently as enhancer RNAs. Since 242 patterns of nascent transcription at active lincRNA promoters are highly similar to those at active 243 enhancers 50,66 , this finding suggests that, on average, lincRNA transcription is no more conserved 244 than can be explained by the activity of the lincRNA promoter. 245
We measured the extent to which non-coding and protein-coding transcriptional activities 246
are correlated through evolutionary time. Evolutionary changes in protein-coding gene expression 247
were highly correlated with those at upstream (Pearson's R = 0.81, p < 2.2e-16) and internal (R = 248 0.66, p < 2.2e-16) antisense transcripts of the same genes. Moreover, changes in the transcriptional 249 activity of gene promoters correlate with the activities of distal enhancers to which they loop 250 according to cell-type matched ChIA-PET data (R = 0.40-0.69, p < 2.4e-6; depending on analysis 251 assumptions) 67 , which are located nearby (R = 0.58, p < 2.2e-16), or which share the same 252 topological associated domain (R = 0.53, p < 2.2e-16) 68 . Using a generalized linear model to 253
integrate expression changes in multiple types of TUs, we can explain 65% of the variance in gene 254 transcription levels (R 2 = 0.65 in a heldout set of sites, p < 2.2e-16; Fig. 4b ) based on the activities of 255
looped TREs, nearby TREs, internal antisense TUs, and the upstream antisense TU. Thus 256 evolutionary changes that result in differences in Pol II recruitment to protein-coding genes are 257
remarkably correlated across all interacting TREs, indicating a shared evolutionary pressure at 258 proximal and distal TREs. 259 260
Rates of Enhancer Evolution Vary with Evidence for Gene Interactions
261
Transcription at enhancers evolves rapidly and is frequently unaccompanied by changes at 262 nearby protein-coding genes. For example, CCR7 transcription is highly conserved among both 263 primate and rodent species ( Fig. 5a; Supplementary Fig. 2 ) in spite of several apparent changes in 264 enhancer activity within the same locus (gray vertical bars). These findings are consistent with 265 recent observations that changes in enhancers within densely populated loci often do not have 266 appreciable effects on the transcription of genes within the locus 35, 36 . 267
To explain this effect, we searched for genomic features correlated with conservation of 268 transcription at enhancers. We found that one of the most strongly correlated features is the 269 distance between enhancers and the nearest annotated RefSeq transcription start site ( Fig. 5b) . In 270 particular, about half of enhancers located within 10 kbp of an annotated TSS are shared across all 271 three primate species, whereas for distal enhancers located between 100 kbp to 1 Mbp from a TSS 272 that fraction drops to roughly a third. DNA sequences of proximal sites were also more highly 273
conserved ( Supplementary Fig. 13 ), correlating with the higher transcriptional conservation, 274
though the effect was limited to the area highly proximal to the transcription start site.
275
These simple distance-based observations, however, ignore the critical issue of chromatin 276
interactions between enhancers and promoters. To account for such loop interactions, we extracted 277 6,520 putative TRE interactions from chromatin interaction analysis with paired end tag 278 sequencing (ChIA-pet) data recognizing loops marked with H3K4me2 in human CD4+ T-cells 67 . 279
Strikingly, we found that, overall, 51% of enhancers that participate in these loops were conserved 280 between primate species compared to 37% of non-looped enhancers ( Fig. 5c ;, p = 2.1e-13, Fisher's 281 exact test). Moreover, this high degree of transcriptional conservation at looped enhancers does 282 not depend on the distance to the transcription start site. We observed similar levels of 283 conservation at recently defined superenhancers 69 , which may simply reflect an enrichment for 284 loop interactions (48% of TREs in superenhancers loop according to ChIA-PET, compared to 15% of 285 all TREs). Looped enhancers were also enriched for elevated phyloP scores relative to either non-286 looped enhancers or randomly selected DNA sequences ( Fig. 5d ; phyloP > 0.75; p < 2.2e-16, 287
Wilcoxon Rank Sum Test). That the subset of enhancers which form loop interactions with distal 288 sites is more highly conserved at both the transcription and DNA sequence levels suggests this 289 subset has a disproportionately large effect on fitness, perhaps because it is more directly involved 290 in transcriptional regulation. 291 292 Distal loop interactions do not fully account for the disparity in evolutionary rates between 295 enhancer and promoter transcription. Looped enhancers still evolve significantly faster than 296 promoters ( Supplementary Fig. 14 ; p = 3e-5, Fisher's exact test). We hypothesized that a higher 297 redundancy in cis-regulatory signals makes protein-coding genes controlled by multiple TREs, such 298
Enhancer-Promoter Interactions Contribute to Constraint on Gene Transcription
as CCR7 (Fig. 5a) , more robust to enhancer turnover. Indeed, we found that evolutionary 299 conservation of promoter TRE transcription is remarkably strongly correlated with the number of 300 loop interactions with distal sites (Fig. 5e , weighted Pearson's correlation = 0.91; p < 1e-3 by a 301 bootstrap test). Promoters involved in one or more chromatin loops change expression 15% more 302 slowly than non-looped promoters (p = 4.7e-4; Fisher's exact test), and the probably of 303 transcription conservation increases by ~4% with each additional loop interaction. We observed a 304 similar correlation between the number of loop interactions made by a target promoter and DNA 305 sequence conservation in transcription factor binding motifs at the promoter ( Fig. 5e ; 306 Supplementary Fig. 15a ). 307 We hypothesized that compensation among TREs may permit changes to distal TREs that 308 loop to promoters which themselves have many other loop interactions. We therefore examined 309
the conservation of looped TREs as a function of the number of loops in which their gene-proximal 310 partners participate. We found that DNA sequence conservation in putative TFBSs is significantly 311 reduced at the distal end of loop interactions and negatively correlates with the number of loops at 312 the proximal end ( Fig. 5f; Supplementary Fig. 15b ). This result suggests that each associated 313 distal TFBS is individually less essential at genes having multiple loop interactions with distal sites, 314
and it is therefore consistent with a model in which such TFBSs are more freely gained and lost 315 during evolution. This result may also explain why superenhancers have lower DNA sequence 316 conservation than typical looped enhancers, in spite of their strong enrichment for loop 317 interactions ( Fig. 5d) . Taken together, our results imply that distance, looping, and redundancy of 318 enhancers all contribute to constraints on the evolutionary rates of changes in gene transcription. 319 320
Discussion: 321 We describe the first comparative analysis of primary transcription in any phylogenetic 322 group, focusing on CD4+ T-cells in primates. Using PRO-seq and several new bioinformatic tools we 323 estimated the locations and abundance of transcription units with high resolution and accuracy. In 324 comparison to previous studies in primates 28,32,70-72 , this approach separated primary transcription 325 from post-transcriptional processing, allowing us to study eRNAs, lincRNAs, and other rapidly 326 degraded non-coding RNAs, as well as protein-coding genes. We found clear relationships between 327 the DNA sequences of TFBSs and differential transcription across species and treatment conditions. 328
We also found evidence that some transcriptional changes in humans were driven by adaptive 329 evolution in nearby binding sites. Overall, our study provides new insights into the mode and 330 tempo of recent evolutionary changes in transcription in primates.
331
Perhaps our most striking observation is that many non-coding transcription units, 332
particularly eRNAs and lincRNAs, have undergone rapid evolutionary changes in comparison to 333 protein-coding genes. Similar observations have been reported previously for lincRNAs 73 , but, to 334 our knowledge, the observation for eRNAs is new, and it raises a number of questions. First, why 335 are some enhancers more conserved than others? We find that enhancers proximal to, or that loop 336
to, annotated promoters tend to be constrained (Fig 5b-c) . These enhancers may simply be most 337 crucial for activating their target genes, but other factors may also contribute to their constraint. 338
For example, perhaps these enhancers are enriched for tissue-specific functions, and are less 339
constrained due to reduced pleiotropy 74 . Or perhaps many of them are simply not functional at all, 340
and are transcribed as a by-product of other processes. 341
Second, how do protein-coding genes maintain stable transcription levels across species 342 despite the rapid turnover of associated enhancers? One possibility is that many rapidly evolving 343 enhancers are either not functional or act on targets other than the ones we have identified. 344
However, several of our findings argue against this possibility; for example, we find that even 345 looped enhancers evolve significantly faster than promoters ( Supplementary Fig. 14) , that eRNA 346
conservation is strongly correlated with the number of loop interactions at associated promoters 347 (Fig. 5e) , and that sequence conservation at distal enhancers is negatively correlated with the 348 number of loop interactions at associated promoters ( Fig. 5f ). An alternative explanation, which 349 appears more plausible to us, is that stabilizing selection on transcription levels drives enhancers to 350 compensate for one another as they undergo evolutionary flux. This observation would be 351
compatible with reports from model systems 35, 37 . The possibility of pervasive stabilizing selection 352 on transcription levels in primates has been noted previously based on RNA-seq data 75 , but our 353
data allow for more direct observations of both active transcription and associated regulatory 354 elements.
355
Third, if most transcribed enhancers do indeed influence gene expression, then why are so many of 356 them weakly maintained by natural selection? One possibility is that some of these enhancers have 357
simply switched cell types, as has been reported in some cases 19 . Another possibility is that 358 selection acts diffusely on enhancers across an entire locus, rather than strongly on individual 359
enhancers, as has been proposed in cancer evolution 76 . A related idea is that, over long 360 evolutionary time periods, it may be useful to maintain a collection of enhancers at each locus, even 361
if all of them are not being used at any given time-they may, in a sense, serve as "spare parts" that 362
can be mixed and matched, as opportunities allow, for cell-type and developmental-stage-specific 363
functions. Similar suggestions have been made for noncoding transcription units such as eRNAs, 364
upstream antisense RNAs, and lincRNAs 50,77 , but it may hold as well for regulatory function. It will 365 be possible to begin to evaluate some of these hypotheses as better data describing enhancers and 366 enhancer-promoter interactions across many cell types become available for these and other 367 groups of species. 368
369
Methods: 370 371
Multiple species PRO-seq library generation. Isolation of CD4+ T-cells from mouse and rat. Spleen samples were collected from one male mouse 390
(FVB) and one male rat (Albino Oxford) that had been sacrificed for IACUC-approved research not 391
related to the present study. Dissected spleen was mashed through a cell strainer using a sterile 392
glass pestle and suspended in 20 mL RPMI-1640. Cells were pelleted at 800xg for 3 minutes and 393 resuspended in 1-5mL of ACK lysis buffer for 10 minutes at room temperature to lyse red blood 394 cells. RPMI-1640 was added to a final volume 10 times that used for ACK lysis (10-40 mL). Cells 395
were pelleted at 800xg for 3 minutes, counted in a hemocytometer, and resuspended in RPMI-1640 396
to a final concentration of 250,000 cells per ml. CD4+ T-cells were isolated from splenocytes using 397 products specific for mouse and rat (Miltenyi Biotech, 130-104-453 [mouse], 130-090-319 [rat]) 398
following instructions from Miltenyi Biotech, and as described above. 399 400
T-cell treatment and PRO-seq library generation. CD4+ T-cells were allowed to equilibrate in RPMI-401 1640 supplemented with 10% FBS for 2-4 hours before starting experiments. Primate CD4+ T-cells 402
were stimulated with 25ng/mL PMA and 1mM Ionomycin (P/I or π) or vehicle control (2.5uL EtOH 403 and 1.66uL DMSO in 10mL of culture media). We selected the minimum concentrations which 404 saturate the production of IL2 and IFNG mRNA after 3 hours of treatment (data not shown). A 30 405 min. treatment duration was selected after observing a sharp increase in ChIP-qPCR signal for RNA 406
Pol II phosphorylated at serine 5 on the C-terminal domain on the IFNG promoter at 30 min. (data 407 not shown). To isolate nuclei, we resuspended cells in 1 mL lysis buffer (10 mM Tris-Cl, pH 408 8, 300 mM sucrose, 10 mM NaCl, 2 mM MgAc2, 3 mM CaCl2 and 0.1% NP-40). Nuclei were 409
washed in 10 mL of wash buffer (10 mM Tris-Cl, pH 8, 300 mM sucrose, 10 mM NaCl and 2 mM 410
MgAc2) to dilute free NTPs. Nuclei were washed in 1 mL, and subsequently resuspended in 50 411 μL, of storage buffer (50 mL Tris-Cl, pH 8.3, 40% glycerol, 5 mM MgCl2 and 0.1 mM EDTA), snap 412 frozen in liquid nitrogen and kept for up to 6 months before making PRO-seq libraries. PRO-413
seq libraries were created exactly as described previously 45 . In most cases, we completed library 414 preps with one member of each species (usually one human, chimpanzee, and rhesus macaque) to 415 prevent batch effects from confounding differences between species. Samples were sequenced on 416
an Illumina Hi-Seq 2000 or NextSeq500 at the Cornell University Biotechnology Resource Center. 417 418
Mapping PRO-seq reads. We mapped PRO-seq reads using standard informatics tools. Our PRO-seq 419 mapping pipeline begins by removing reads that fail Illumina quality filters and trimming adapters 420
using cutadapt with a 10% error rate 78 . Reads were mapped with BWA 79 to the appropriate 421 reference genome (either hg19, panTro4, rheMac3, mm10, or rn6) and a single copy of the Pol I 422 ribosomal RNA transcription unit (GenBank ID# U13369.1). Mapped reads were converted to 423 bigWig format for analysis using BedTools 80 and the bedGraphToBigWig program in the Kent 424
Source software package 81 . The location of the RNA polymerase active site was represented by the 425 single base, the 3' end of the nascent RNA, which is the position on the 5' end of each sequenced 426 read. After mapping reads to the reference genome, three samples (one chimpanzee, U and PI, and 427 one rhesus macaque, PI) were identified as having poor data quality on the basis of the number of 428 uniquely mapped reads, and were excluded from downstream analysis. During comparative 429
analyses, the genomic coordinates of mapped reads were converted to the human assembly (hg19) 430
using CrossMap 82 . We converted genomic coordinates between genome assemblies using 431 reciprocal-best (rbest) nets 83 . We downloaded rbest nets for hg19-mm10, hg19-panTro4, hg19-rn6 432 from the UCSC genome browser. We created rbest nets for hg19-rheMac3 using the doRecipBets.pl 433 script provided as part of the Kent Source software package. 434 435
Analysis of transcriptional regulatory elements. Defining a consensus set of transcriptional 436 regulatory elements. We predicted TREs in each species' reference genome using dREG 52 . In all 437 cases, we combined the reads from all individuals for each species and T-cell treatment condition in 438 order to maximize power for the discovery of TREs. We then defined a consensus set of TRE 439
annotations, each of which bore the signature of an active TRE in at least one species and treatment 440 condition. To define such a set, dREG scores were first converted to human reference genome 441 (hg19) coordinates using CrossMap and the reciprocal-best nets. We then identified TREs in each 442 species separately by thresholding the dREG scores. Instead of simply merging overlapping TREs, 443
which tends to create large elements, we applied the thresholding procedure several times, taking 444 scores greater than 0.9, 0.8, and 0.7, and each time taking only TREs that did not intersect a 445
previously selected TRE at a higher threshold. Finally, the set of overlapping TREs from each 446 species were reduced to a single element containing the union of all positions covered by the set 447 using bedops, and sites within 500 bp of each other were further merged. We assigned each 448 putative TRE the maximum dREG score for each species and for each treatment condition. 449 450
Identifying differences in TREs between species. Differences in TRE transcription in 3-way (human-451 chimp-rhesus macaque) or 5-way (human-chimp-rhesus macaque-mouse-rat) species comparisons 452
were identified using a combination of heuristics and statistical tests. Starting with the consensus 453 set of TREs in hg19 coordinates, we first excluded potential one-to-many orthologs, by eliminating 454
TREs that overlapped gaps in the reciprocal-best nets that were not classified as gaps in the 455 standard nets. The remaining TREs were classified as unmappable when no orthologous position 456 was defined in the rbest nets. Complete gains and losses were defined as TREs that were mappable 457 in all species and for which the dREG score was less than 0.1 in at least one species and greater than 458 0.7 in at least one other species. Gains and losses were assigned to a lineage based on an 459 assumption of maximum parsimony under the known species phylogeny. We defined a set of TREs 460
that displayed high-confidence changes in activity by comparing differences in PRO-seq read counts 461 between species using the Limma package 84 and thresholding at a 5% false discovery rate (as 462 described below). These TREs were often active in all species. Changes in TRE activities were 463 compared to histone modification ChIP-seq and DNase-I-seq data from the Epigenome Roadmap 464 project 55 . 465 466 TRE classification. For some analyses, TREs were classified into likely promoters and enhancers on 467 the basis of their distance from known gene annotations (RefGene) and the predicted stability of 468 the resulting transcription unit (TU). TRE classes of primary interest include (see also 469
Supplementary Fig. 7) : (1)promoters: near an annotated transcription start site (<500 bp) and 470 producing a stable TU (instability score <0.1); (2)enhancers: distal to an annotated transcription 471 start site (>10,000 bp) and producing an unstable TU (instability score >0.1). TU stability was 472 defined using the posterior probability that a TRE yields an unstable transcription unit using the 473 forward-backward tables in a hidden Markov model we described recently 50 . This approach 474 produced a score for both the forward and the upstream divergent TU of each TRE. We took the 475 minimum of these instability scores to represent the stability of that TRE. 476 477
Covariates that correlate with TRE changes. We compared the frequency at which evolutionary 478 changes in transcription occur at TREs in a variety of different genomic context. We compared 479 changes as a function of distance from the nearest annotated transcription start site in RefSeq. 480
TREs were binned by distance in increments of 0.02 on a log10 scale and we evaluated the mean 481 rate at which evolutionary changes in TRE transcription arise in each bin. We also compared the 482 rate of changes in TRE transcription in a variety of functional associations, including loop 483
interactions, within the same topological associated domain, and in superenhancers. H3K4me2 484
ChIA-PET data describing loop interactions were downloaded from the Gene Expression Omnibus 485 (GEO) database (GSE32677) and the genomic locations of loops were converted from hg18 to hg19 486 coordinates using the liftOver tool. Looped enhancers were defined as those within 5,000 bp of a 487 loop center. Topological associated domains (TADs) based on Hi-C data for GM12878 cells were 488 also downloaded from GEO (GSE63525). Superenhancers in CD4+ T-cells were taken from the 489 supplementary data for ref. 69 . 490 491
Refining dREG peak calls using dREG-HD. During analyses on transcription factor binding motifs we 492
further refined the location of TREs to the region between divergent paused RNA polymerase using 493 a strategy that we call dREG-HD (manuscript in preparation, preliminary version available at 494 https://github.com/Danko-Lab/dREG.HD). Briefly, we used an epsilon-support vector regression 495
(SVR) with a Gaussian kernel to map the distribution of PRO-seq reads to smoothed DNase-I signal 496
intensities. Training was conducted on randomly chosen positions within dREG peaks extended by 497 200bp on either side. Selection of feature vectors was optimized based on Pearson correlation 498 coefficients between the imputed and experimental DNase-I score over the validation set. PRO-seq 499 data was normalized by sequencing depth and further scaled such that the maximum value of any 500 prediction dataset is within 90 percentile of the training examples. We chose a step size to be 60bp 501 and extending 30 steps on each direction. The final model was trained using matched DNase-I and 502
PRO-seq data in K562 cells. 503
Next we identified peaks in the imputed DNase-I hypersensitivity profile by fitting the 504
imputed DNase-I signal using a cubic spline and identifying local maxima. We optimized two free 505 parameters that control the (1) smoothness of spline curve fitting, and (2) threshold on the 506
imputed DNase-I signal intensity. Parameters were optimized to achieve an appropriate trade-off 507 between FDR and sensitivity on the testing K562 dataset. Parameters were tuned using a grid 508 optimization over free parameters. Testing the optimized dREG-HD (including both DNase-I 509 imputation and peak calling) on GM12878, a GRO-seq dataset completely held out from model 510 training and parameter optimization, revealed 82% sensitivity for DNase-I peaks within dREG sites 511 at a 10% false discovery rate (FDR). 512 513
DNA sequence analysis. DNA sequence conservation analysis. For our evolutionary conservation 514 analysis, we used phyloP scores 60 based on either (1) the primate species in the 46-way alignments, 515 or (2) the 100-way genome alignments, both available in the UCSC Genome Browser (hg19). In all 516 cases, bigWig files were obtained from the UCSC Genome Browser and processed using the bigWig 517 package in R. We represented evolutionary conservation as the mean phyloP score in each 518 identified TFBS in the indicated set of dREG-HD sites. We focused on 1,964 human TF binding 519 motifs from the CisBP database 61 and clustered motifs using an affinity propagation algorithm into 520 567 maximally distinct DNA binding specificities (see ref 62 ). We used TFBSs having a loge-odds 521 score >10 in any of the primate reference genomes, with scores obtained by comparing each 522 candidate motif model to a third-order Markov background model using the RTFBSDB package 62 . 523 524
Motif enrichment in TREs that change during CD4+ T-cell activation. Motif enrichment analyses were 525 completed using RTFBSDB 62 as described above, except that motifs were clustered into 621 526 maximally distinct DNA binding specificities (see ref 62 ). We selected the motif whose canonical 527 transcription factor is most highly transcribed in human CD4+ T-cells to represent each cluster. We 528 defined a motif cutoff loge odds ratio of 7.5 in a sequence compared with a third-order Markov 529 model as background. Motifs enriched in up-or down-regulated dREG-HD TREs during CD4+ T-cell 530 activation (>8-fold in magnitude and p < 0.01) were selected using Fisher's exact test with a 531
Bonferroni correction for multiple hypothesis testing. Up-or down-regulated TREs were compared 532 to a background set of >2,500 GC-content matched TREs that do not change transcription levels 533
following π treatment (<2-fold in magnitude and p > 0.1) using the enrichmentTest function in 534 RTFBSDB 62 . 535 536
Enrichment of DNA sequence changes in motifs. We identified single nucleotide DNA sequence 537
differences at sites at which two of three primate species share one base and the third species 538
diverges. We intersected these species-specific divergences with matches to transcription factor 539 binding motifs found within dREG-HD sites that undergo transcriptional changes between primate 540 species. Because many motifs in Cis-BP are similar to one another, we first partitioned the motifs 541 into 567 clusters having highly similar binding preferences, and examined enrichments at the level 542 of these clusters. Motifs were ranked by the Fisher's exact test p-value of the enrichment of species 543 divergences in dREG-HD sites that change transcription status (where changes in DNA sequence 544
and transcription occur on the same branch) to dREG-HD sites that do not change. We also 545 compute the enrichment ratio, which we define as the number of species divergences in each TF 546
binding motif in dREG-HD sites that change on the same branch normalized to the same statistic in 547 sites that do not change. 548 549
INSIGHT analysis. We examined the modes by which DNA sequences evolve in human lineage 550 specific dREG-HD sites or DHSs using INSIGHT 65 . We passed INSIGHT either complete DHSs, dREG-551 HD sites, or TFBS (log-odds score >7) within dREG-HD sites that undergo the changes (see 552
Identifying differences in TREs between species) indicated in the comparison. Human gains and 553 losses, for example, were comprised of 2,975 dREG-HD sites with 13,843 separate regions (median 554 length of 29 bp) after merging overlapping TFBSs with a log-odds score greater than 7. We also 555
analyzed 27 transcription factors each of which has more than 1,000 occurrences in dREG-HD sites 556 that change on the human branch. All analyses were conducted using the INSIGHT web server 557
(http://compgen.cshl.edu/INSIGHT/) with the default settings enabled. 558 559
De novo discovery of transcription units. Identification of transcription units (TU) using a three-560 state hidden Markov model. We inferred transcription units (TU) using a three-state hidden Markov 561 model (HMM) to capture the distribution of PRO-seq read densities similar to those we have 562 recently published 49,85 . Three states were used to represent background (i.e., outside of a 563 transcription unit), TU body, and a post-polyA decay region. The HMM transition structure is shown 564
in Supplementary Fig. 13a . We allow skipping over the post-polyA state, as unstable transcripts 565
do not have these two-phase profiles. We took advantage of dREG as a potential signal for 566 transcription initiation by incorporating the dREG score (maximum value in the interval from a 567
given positive read-count position until the next, clamped to the zero-one interval) as a transition 568 probability from the background to the transcription body state. PRO-seq data is generally sparse, 569 so we applied a transformation that encoded only non-zero positions and the distance between 570 such consecutive positions (Supplementary Fig. 13a ). Our model described this transformed data 571 using emissions distribution based on two types of variables. The first type of emission variable 572 defines the PRO-seq read counts in non-zero positions. These counts were modeled using Poisson 573 distributions in the background and post-polyA states, and using a Negative Binomial distribution 574
in the transcription body state. The negative binomial distribution can be seen as a mixture of 575
Poisson distributions with gamma-distributed rates and therefore allows for variation in TU 576 expression levels across the genome. The second type of emission variable describes the 577 distribution of distances in base pairs between positions having non-zero read counts. This 578 distribution was modeled using a separate geometric distribution for each of the three states. 579
Maximum likelihood estimates of all free parameters were obtained via Expectation Maximization, 580
on a per-chromosome basis. TU predictions were then obtained using the Viterbi algorithm with 581 parameters fixed at their maximum-likelihood values. Finally these predictions were mapped from 582 the transformed coordinates back to genomic coordinates. Source code for our implementation is 583 publicly available on GitHub: https://github.com/andrelmartins/tunits.nhp. 584 585
Inferring TU boundaries in the common great ape ancestor. We identified the most likely TU 586 boundaries in the great ape ancestor by maximum parsimony. TUs were identified and compared 587 in human reference coordinates (hg19) for all species. We used the bedops package to mark the 588 intersection between each pair of species (i.e., human-chimp, human-rhesus macaque, and chimp-589 rhesus macaque). Intersections (>= 1bp) between pairs of species were merged, resulting in a 590 collection of TUs shared by any two pairs of species, and therefore likely to be a TU in the human-591 chimp ancestor. All steps were applied independently on the plus and minus strands. These steps 592
identified 32,602 putative TUs active in CD4+ T-cells of the primate ancestor. We added 13,085 593
TUs that did not overlap ancestral TUs but were found in any one of the three primate species. 594 595
Transcription unit classification. TUs were classified into by annotation type using a pipeline similar 596
to ones that we have described recently 49,85,86 . Before classifying TUs we applied a heuristic to 597 refine TUs on the basis of known annotations. TUs that completely overlap multiple gene 598
annotations were broken at the transcription start site provided that a dREG site overlapped that 599 transcription start site. Classification was completed using a set of rules to iteratively refine 600 existing annotations, as shown in Supplementary Fig. 13A . Unless otherwise stated, overlap 601 between a TU and a transcript annotation was defined such that >50% of a TU matched a gene 602
annotation and covers at least 50% of the same annotation. TUs overlapping GENCODE annotations 603
(>50% overlap, defined as above) were classified using the biotype in the GENCODE database into 604 protein coding, lincRNA (lincRNA or processed transcript), or pseudogene. The remaining 605 transcripts were classified as annotated RNA genes using GENCODE annotations, the rnaGenes 606 UCSC genome browser track (converted from hg18 to hg19 coordinates), and miRBase v20 87 . As 607 many RNA genes are processed from much longer TUs, we required no specific degree of overlap 608
for RNA genes. Upstream antisense (i.e., divergent) TUs were classified as those within 500bp of 609 the transcription start site of any GENCODE or higher level TU annotation (including lincRNAs). 610
Antisense transcripts were defined as those with a high degree of overlap (>50%) with annotated 611 protein coding genes in the opposite orientation. The remaining transcripts with a high degree of 612 overlap (>50%) to annotated repeats in the repeatmasker database (rmsk) were classified as 613 repeat transcription. Finally, any TUs still remaining were classified as unannotated, and were 614 further divided into those which are intergenic or that partially overlapping existing annotations. 615 616
Comparing transcription between conditions and species. Comparing transcription before and 617
after CD4+ T-cell activation. We compared π treated and untreated CD4+ T-cells within each of the 618 primate species using gene annotations (GENCODE v19). We counted reads in the interval between 619 500 bp downstream of the annotated transcription start site and either the end of the gene or 620 60,000 bp into the gene body (whichever was shorter). This window was selected to avoid (1) 621 counting reads in the pause peak near the transcription start site, and (2) to focus on the 5' end of 622 the gene body affected by changes in transcription during 30 minutes of π treatment assuming a 623 median elongation rate of 2 kb/ minute 49, 88 . We limited analyses to gene annotations longer than 624 1,000 bp in length. To quantify transcription at enhancers, we counted reads in the window 625 covered by each dREG-HD site plus an additional 250 bp on each end. Differential expression 626
analysis was conducted using deSeq2 53 . 627 628
Comparing transcription between species. Read counts were compared between different species in 629 hg19 coordinates. In all analyses reads were transferred to the hg19 reference genome using 630
CrossMap with rbest nets. Our analysis focused on transcription units or on the union of dREG sites 631 across species. We focused our analysis of transcription units on the interval between 250 bp 632 downstream of the annotated transcription start site and either the end of the gene or 60,000 bp 633
into the gene body (whichever was shorter). We limited our analyses to TUs longer than 500 bp in 634 length. Reads counts were obtained within each transcription unit, gene annotation, or enhancer, 635 abbreviated here as a 'region of interest' (ROI), that has confident one-to-one orthology in all 636 species examined in the analysis. We broke each each ROI into segments that have conserved 637
orthology between hg19 and all species examined in the analysis, which included either a three-638 way (human-chimp-rhesus macaque) or five-way (human-chimp-rhesus macaque-mouse-rat) 639 species comparison. We defined intervals of one-to-one orthology as those represented in levels 1, 640
3, and 5 of the reciprocal best nets (with gaps defined in levels 2, 4, and 6) 83 . Reads that map to 641
regions that have orthology defined in all species were counted using the bigWig package in R using 642 reads mapped to hg19 coordinates. Final counts for each ROI were defined as the sum of read 643
counts within the regions of orthology that intersect that ROI. ROIs without confident one-to-one 644 orthologs in all species analyzed were discarded. Our pipeline makes extensive use of the bigWig R 645 package, Kent source tools, as well as the bedops and bedtools software packages 80, 89 (c) MA plot shows the log2 fold-change following π treatment (y-axis) as a function of the mean transcription level in GENCODE annotated genes (x-axis). Red points indicate statistically significant changes (p < 0.01). Several classical response genes that undergo welldocumented changes in transcript abundance following CD4+ T-cell activation (e.g., IL2, IFNG, TNF, and EGR3) are marked. (d) Heatmaps show the distribution of PRO-seq (red and blue indicate transcription on the plus and minus strand, respectively), H3K27ac, H3K4me1, and H3K4me3 ChIP-seq signal intensity. Plots are centered on transcriptional regulatory elements (TREs) predicted in untreated human CD4+ T-cells using dREG-HD (see Methods), including both promoters and enhancers. All plots are ordered based on H3K27ac ChIP-seq intensity. (e) Enrichment of TF binding motifs in TREs that increase transcription levels following π treatment compared to TREs transcribed in both conditions. Plot shows the -log 10 p-value, based on a Fisher's exact test and Bonferroni correction (y-axis), as a function of the rank order of enriched motifs (x-axis). The color scale denotes the degree of enrichment. Motifs, the Cis-BP ID number, and the target transcription factor for several outliers are shown in the plot. 
